Motivation: Long non-coding RNAs (lncRNAs) have been implicated in the regulation of diverse biological functions. The number of newly identified lncRNAs has increased dramatically in recent years but their expression and function have not yet been described from most diseases. To elucidate lncRNA function in human disease, we have developed a novel network based method (NLCFA) integrating correlations between lncRNA, protein coding genes and noncoding miRNAs. We have also integrated target gene associations and protein-protein interactions and designed our model to provide information on the combined influence of mRNAs, lncRNAs and miRNAs on cellular signal transduction networks. Results: We have generated lncRNA expression profiles from the CD34þ haematopoietic stem and progenitor cells (HSPCs) from patients with Myelodysplastic syndromes (MDS) and healthy donors. We report, for the first time, aberrantly expressed lncRNAs in MDS and further prioritize biologically relevant lncRNAs using the NLCFA. Taken together, our data suggests that aberrant levels of specific lncRNAs are intimately involved in network modules that control multiple cancer-associated signalling pathways and cellular processes. Importantly, our method can be applied to prioritize aberrantly expressed lncRNAs for functional validation in other diseases and biological contexts. Availability and implementation: The method is implemented in R language and Matlab.
Introduction
The Myelodysplastic syndromes (MDS) are a group of haematological disorders that are characterized by ineffective haematopoiesis. They can be classified into various subgroups, including refractory anaemia (RA), RA with ringed sideroblasts (RARS), refractory cytopenia with multi-lineage dysplasia (RCMD), and RA with excess blasts (RAEB), based on the presence or absence of ring sideroblasts, the number of haematopoietic lineages that are affected, and the percentage of blasts in the bone marrow (Harris et al., 2000; Howe et al., 2004) . In approximately one-third of patients, MDS eventually transforms into acute myeloid leukaemia (AML) (Alessandrino et al., 2001) . The prevalence of MDS has risen worldwide in part due to the aging population, the use of cytotoxic and mutagenic therapies, and possibly due to increased exposure to environmental toxins (Hirai, 2003) . A number of recent studies have profiled coding gene and noncoding miRNA expression in MDS (Dostalova Merkerova et al., 2011; Mills et al., 2009; Pellagatti et al., 2006; Rhyasen and Starczynowski, 2012) . Moreover, genes and driver pathways with recurrent mutations have now been reported for MDS (Liu et al., 2015b) . However, the molecular pathogenesis of MDS remains poorly understood and has hindered the development of new and improved therapies (Liu et al., 2010) .
Recent studies have indicated an important role for long noncoding RNA (lncRNA) in human physiology and complex diseases. LncRNAs are non-protein-coding transcripts longer than 200 nucleotides and are pervasively transcribed in the genome. Intergenic lncRNAs (lincRNAs) are transcribed from intergenic regions and intronic lncRNAs from introns of protein-coding genes (Khalil et al., 2009; Ponjavic et al., 2007) . LncRNAs are known to regulate transcriptional and translational output in part by targeting other genetic and epigenetic regulators (Liu et al., 2015a,b) . Aberrantly expressed lncRNAs have been detected in human cancers (Cheetham et al., 2013; Spizzo et al., 2012; Tahira et al., 2011) and are associated with the regulation of many important oncogenes and tumor suppressor genes, such as p53 (Huarte et al., 2010) , NFjB (Rapicavoli et al., 2013) and WNT (Xu et al., 2013) . LincRNAs are more evolutionarily conserved than other intergenic regions (Guttman et al., 2009 ), but generally less conserved than protein-coding genes (Derrien et al., 2012) . Recent studies have shown that different expression patterns of lincRNAs are also associated with numerous cellular processes, such as stem cell development, pluripotency, immune response and cell cycle regulation (Guttman et al., 2011; Hung et al., 2011; Loewer et al., 2010; Rinn and Chang, 2012) .
While transcribed from the genome, lncRNAs are not translated into proteins, hindering their rapid functional characterization. Hence, annotation of lncRNAs has largely relied on computational predictive methods, which still have significant limitations (Cabili et al., 2011; De Santa et al., 2010; Guo et al., 2013; Liao et al., 2011) . In previous work, lncRNA function was predicted based on either chromosomal location relative to protein coding genes (PCGs), or co-expression with PCGs (Zheng et al., 2016) . Computational methods using integrated networks, based on known disease associated lncRNAs (Chen, 2015a ,b, Chen et al, 2016a Huang et al., 2016) or on lncRNAs acting as competing endogenous RNAs (Li et al., 2014) , have also been described. Although these studies have expanded our knowledge of lncRNAs and provide some potential lncRNA-disease associations, the literature around well-characterized disease-specific lncRNAs is small and limits the discovery potential of this approach. Considering the complex associations between lncRNAs and other regulatory elements (Suresh et al., 2015) , we hypothesize that prediction of lncRNA function could be improved by integrating more biological data, such as PCG and miRNA expression profiles, and signaling pathway and Gene Ontology (GO) information.
Although lncRNAs are increasingly recognized as regulators of normal and aberrant haematopoiesis (Garzon et al., 2014) , their role in MDS has not been reported. To fill this gap, we developed the network-based lncRNA co-module function annotation method (NLCFA) and applied it to identify lncRNAs aberrantly expressed in MDS and we annotated their biological functions by integrating different types of biological data. We focused our investigation on RAEB-2 MDS, a subgroup with a significantly higher risk of leukemic transformation and poor overall survival. We first identified lincRNAs that were differentially expressed in MDS CD34þ HSPCs and then performed an integrative analysis to identify co-modules based on the PCG profiles, miRNA expression profiles, and signalling pathway information. The co-modules capture network associations between lincRNAs and these different types of biological information. The lincRNAs in each co-module were further annotated by prioritized GO terms through network propagation. We identified a number of aberrantly expressed lncRNAs and their associations with cellular processes that possibly contribute to MDS pathophysiology. Our method could be used to annotate diseaseassociated lncRNAs and prioritize individual lincRNAs for functional validation and targeted therapies.
Materials and methods

Sample collection and sequencing
Data were obtained from patients with MDS who ranged from 68 to 77 years of age (mean age 72 years). Age-matched control samples were obtained from patients without cytopenias. Bone marrow aspirates (30-100 mL) were collected in heparin/Hank's solution and diluted 1:10 in RPMI medium prior to centrifugation and ficoll separation of the mononuclear cell fraction. CD34
þ HSPC fractions were purified using anti-CD34 antibody-coated magnetic beads and an autoMACS Pro cell sorting system. The purity and yield of CD34 þ cells were estimated by flow cytometry and cell counting, respectively, to achieve > 90% purity. For RNA sequencing, we analyzed 16 samples, 10 from MDS RAEB-2 subtype patients and 6 from healthy donors. In addition, microarray data of CD34 þ HSPCs from 183 MDS patients and 17 healthy donors were collected from the NCBI Gene Expression Omnibus (GEO) (Edgar et al., 2002) GSE19429 (29) . These data were generated using Affymetrix GeneChip Human Genome U133 Plus 2.0 arrays. We filtered out 43 samples from patients with the RAEB-2 subtype and compared them with 17 samples from healthy donors. Eight of the differentially expressed lincRNAs were selected for validation using high-throughput PCR in an independent cohort of MDS patients (see the supplementary materials).
LincRNAs sequence annotation
The human lincRNA catalog is available at the Broad Institute website (http://www.broadinstitute.org/genome_bio/human_lincrnas/? q¼lincRNA_catalog, Jan.2015). We downloaded the related files on lincRNAs according to hg19 genome and constructed a lincRNAs reference library.
2.3 Protein-coding and non-coding (lincRNA) gene expression from RNA-seq datasets
The human genome hg19 (Genome Reference Consortium GRCh37) was used as the reference genome. The pipeline for identifying expression levels of lincRNAs and PCGs from RNA-Seq datasets is illustrated in Figure 1 (left side). We first mapped the raw reads to the human hg19 reference genome using Tophat software (Trapnell et al., 2009) . Then the outputs of alignment were assembled to the transcripts using Cufflinks (Trapnell et al., 2013) . The transcript assembly was merged by implementing Cuffmerge (Trapnell et al., 2010) . Expression of each transcript was quantified using FPKM (fragments per kilobase of transcript per million fragments mapped).
Protein-coding and non-coding (lincRNA) gene expression from microarray datasets
We first re-annotated the Affymetrix probes to lincRNAs based on the platform annotation file (Fig. 1, right side) . All of the probes in the HG-U133Plus2 platform were mapped to lincRNAs and RefSeq coding transcripts using Bowtie2 (Langmead and Salzberg, 2012) . We kept the probes that mapped to lincRNAs with no mismatch and removed those that mapped to protein-coding transcripts. Then the lincRNA expression profiles were determined using the reannotated probes.
Identifying differentially expressed lincRNAs in MDS
The statistical analysis of our RNA-Seq data was performed in the R statistical computing environment (R). We applied the Cuffdiff and CummeRbund pipeline (Goff et al., 2013) to compare the expression levels of normal HSPCs with those from MDS HSPCs. Differentially expressed (DE) lincRNAs were identified with FDR < 0.05 adjusted for multiple testing. For the expression measured by microarrays, we used the re-annotated probes as described above. We identified DE lincRNAs comparing data from normal HSPCs and different MDS subtypes using the limma package (Langfelder et al., 2008) in R. DE lincRNAs were identified FDR < 0.05 adjusted using the Benjamini-Hochberg method (Benjamini and Hochberg, 1995) . We combined DE lincRNAs identified by both methods (Supplementary Table S1 ).
miRNA expression and target gene sets
The miRNA expression dataset was obtained from experiments conducted by Dostalova Merkerova et al. (Dostalova Merkerova et al., 2011) . These data were generated from CD34 þ HSPCs of 39 patients with MDS and AML and 6 healthy donors, using an Illumina array platform. We selected 10 samples from patients classified with the RAEB-2 subtype of MDS. The differentially expressed miRNAs were identified by t-test statistic and Benjamini-Hochberg adjusted P-value with the threshold of 0.1. For each identified miRNA, the target genes were collected from both experimentally validated databases and prediction tools, including mirtarbase (Hsu et al., 2011) , TargetScan (Lewis et al., 2005) , Pictar (Krek et al., 2005) and miRanda (John et al., 2004) . For those predicted results, we retained only the miRNA targets predicted by at least two tools.
Cellular pathway information
The predefined biological pathways were obtained from the Molecular Signatures Database (Liberzon et al., 2011) , which contains a large number of annotated functional gene sets collected from available public databases, including BioCarta (Nishimura, 2004) , KEGG (Kanehisa and Goto, 2000) , PID (Schaefer et al., 2009) and Reactome (Joshi-Tope et al., 2005) . We chose the canonical pathways from the curated gene sets (c2) in MsigDB V4.0, which contained 1320 metabolic and signalling pathways.
2.8 Network-based lncRNA co-module function annotation method (NLCFA)
Identifying co-modules in MDS from multiple datasets: The flowchart of integrated analysis for MDS is shown in Figure 2A . The coexpression of identified lincRNAs and PCGs was evaluated by the Pearson correlation coefficient (PCC). For each lincRNA-PCG pair, we calculated the absolute PCC with a P-value < ¼ 0.01. Pairs with a PCCs threshold > 0.6 were used to construct the lincRNA-PCG (L-P) co-expressed association matrix. The association of miRNA-PCG (M-P) with pathway-PCG (P-P) was similarly constructed based on the miRNA target genes and pathway information. The L-P, M-P and P-P matrices were filtered by the overlapping PCGs.
We applied a multi-dimensional non-negative matrix factorization (MDNMF) method to extract co-modules from the three association matrices (Fig. 2B ). The objective function for MDNMF was defined as:
( 1) where X I represents the I type of genomics dataset that was used. W was a M Â K matrix representing the basis vector and H I is a K Â N matrix, representing the coefficient vectors in the reduced dimension. W and H must be non-negative. The parameter K described the number of co-modules built with the data. To find the minimum of objective function F, we used the multiplicative update algorithm to minimize the Euclidean error function. We calculated the errors between the input matrices and the model reconstructed data with different K from 5 to 15. Comparing the errors, we selected the smallest one and set 11 as the number of parameter K to build the co-modules. W and H were updated at each step by using the generalized multiplicative update rules as follows:
When we randomized the initial matrices W, H 1 , H 2 and H 3 , which are iteratively updated to minimize the Euclidean distance function, we occasionally encountered a local minimum solution. To address this limitation, we repeated the optimization procedure 100 times with random initial solution matrices. The lowest object function value was selected as the final factorization solution.
Biological function and association of co-modules in MDS: For each co-module identified in MDS, we constructed the networkintegrated lincRNAs, miRNAs, PCGs and pathways (Fig. 2C) . We assigned the KEGG pathways, which have been categorized to six functional groups, in each co-module to the corresponding category to assess the related biological functions. The web-based tool Ingenuity Pathway Analysis (IPA, http://www.ingenuity.com/index. Raw reads were mapped to the human genome (hg19) using Tophat. Expression of lincRNA transcripts was quantified with Cufflinks and DE lincRNAs identified using Cuffdiff. Right side: Process for identifying DE lincRNAs from microarray. All probes in HGU133Plus2 platform were mapped to lincRNAs using Bowtie2. We kept probes mapped to lincRNAs without mismatch and removed probes which mapped to protein-coding transcripts. LincRNA expression profiles were determined using the re-annotated probes. DE lincRNAs were identified using the limma package in R. DE lincRNAs obtained from RNA-seq and microarrays were combined for further analyses html) was used to identify enriched biological functions and related diseases in each co-module.
Annotating the lincRNA functions by gene ontology (GO) terms
The GO project (Ashburner et al., 2000) has developed a welldefined and structured compendium of gene products in terms of their associated biological processes, molecular functions and cellular components. We downloaded the human GO terms from the GO consortium (www.geneontology.org) and assigned terms to each gene. All the PCGs were mapped to GO terms and GO terms with at least two corresponding PCGs were retained.
LincRNAs are connected to different PCGs and share common PCGs with miRNAs, resulting in diverse associations of lincRNAs with specific functions. Based on a network propagation method used to associate genes and protein complexes with diseases (Vanunu et al., 2010) , we built a weighted network to annotate lincRNAs with the prioritized GO terms. For lincRNAs in each comodule, the annotation process is illustrated in Figure 2C .
We extracted the lincRNA-PCG network (LPn) with edges representing lincRNAs co-expressed with PCGs. To connect the PCGs in LPn, we integrated protein-protein interaction (PPI) information obtained from the BioGRID database (downloaded on April 2014) by using the R PSICQUIC package. By removing duplicated PPIs, we obtained 151007 human PPIs and mapped their interactions with LPn. The PCGs were also connected with LPn if they were the targets of the same miRNA. Finally, the expanding network contained two kinds of edges: lincRNA-PCG co-expression and PCG-PCG interaction. The weight of edges W was calculated by the average PCC from the both of RNA-Seq data and microarray data. In this undirected LPn G (V,E,W), V represents all lincRNAs and PCGs, E stands for interactions between nodes in network and W denotes the weighted association of each edge. According to the network-based method, each node in the network pump flows to its neighbours and receives flows from them. The lincRNAs-GO association score was defined as follows:
and the a (0,1) weighed the relative importance of the contributed information of neighbourhoods and the initial information was set as 0.6. W is an adjacent matrix of weighted network. Y is a matrix representing the prior knowledge of GO terms. The initial scores of Y were defined as: T f v ¼ n f v =NðvÞ, where n f v denoted the number of neighbours belonged to this GO terms, NðvÞ was the number of all neighbours of node V. The mean square deviation of the association score matrix S was used to control the iterative times. The computation would be stopped if the mean square deviation between S t and S tÀ1 was less than 1 Â 10 À5 . We prioritized the nodes associated with the GO terms by the score matrix S and annotated lincRNAs with the prioritized GO terms.
Results
We developed the network-based lincRNA co-module function annotation NLCFA method ( Fig. 2A) to integrate lincRNAs, miRNAs, PCG pathways and PPI information. This network was used to annotate lincRNA function and infer putative treatment targets in MDS.
Identification of aberrantly expressed lincRNA in MDS
To identify aberrantly expressed lincRNAs in MDS, we used RNASeq data from patients with RAEB-2 MDS and compared them with We integrated lincRNAs-PCGs (L-P), miRNAs-PCGs (M-P), pathways-PCGs (P-P) into three different association matrices. These matrices were further analyzed using the MDNMF method to identify co-modules. In each co-module, associated networks were used to annotate lincRNA function. (B) Identified co-modules in MDS. In the three associated matrices, rows correspond to the PCGs and columns correspond to lncRNAs, miRNAs and pathways. These co-module subsets contain highly correlated profiles identified using the MDNMF method. (C) Annotating lincRNA function by a network-based method. For each co-module, we constructed the interaction network and integrated protein-protein interaction. After network propagation, a lincRNAs-GO association score was assigned to each node and each lincRNA was annotated with the prioritized GO terms Figure 3 . Importantly, the DE lincRNAs are distributed across all human chromosomes (excluding Chr X and Chr Y) and not only enriched in chromosomal regions known to be frequently mutated in MDS (e.g. Chr 5 and Chr 7). We further analyzed microarray data from RAEB-1 and RARS subtypes of MDS patients and compared these data with the lincRNA profiles obtained from RAEB-2 MDS. We found 59 DE lincRNAs in RAEB-1 and 138 in RARS. In total, 30 DE lincRNAs from RAEB-1 and 24 from RARS overlapped those in RAEB-2. Interestingly, the number of DE lincRNAs in RAEB-1 and RAEB-2 was higher ($36%) than the overlap between RAEB-2 and RARS ($14%). These data suggest that the identified lincRNAs may be associated with processes involved with MDS progression and evolution.
Application of NLCFA to MDS datasets
Identification of co-modules using MDNMF: We constructed three association matrices of L-P, M-P and P-P ( Fig. 2; methods) . By filtering 2209 common PCGs in these three matrices, we obtained an L-P matrix consisting of 138 DE lincRNAs, an M-P matrix consisting of 89 identified miRNAs and a P-P matrix consisting of 1305 pathways. Using the MDNMF method, three matrices were factorized to eleven lincRNAs-miRNAs-pathways (LMP) co-modules, each of which covered a set of lincRNAs, miRNAs, PCGs and pathways. Removing the two co-modules not containing lincRNAs we list the lincRNAs, miRNAs, PCGs and pathways of nine co-modules in Supplementary Table S2 . In total, we identified nine LMP comodules containing 946 PCGs, 41 lincRNAs, 34 miRNAs and 268 pathways.
Biological function of the co-module networks: For each LMP co-module, we constructed an LMP association network using related PCGs and inferred biological function based on related pathways. We collated 66 KEGG pathways in co-modules and assigned them to functional categories. The 28 KEGG pathways belonging to the top three sub-categories are listed in Supplementary Table S3 . There are 12 pathways in the 'human diseases' category belonging to the sub-category of cancers; 8 pathways in the 'organismal systems' category belonging to the 'immune diseases and system' subcategory; the remaining 8 pathways belong to the 'signal transduction' sub-category. Given the biology of MDS and its potential to progress to AML, it is noteworthy that the pathways in these modules are associated with 'cancer development' and the 'immune system'. In fact, four pathways associated with co-modules were reported as top nine enriched KEGG pathways (Wang et al., 2013a) in MDS.
The PCGs in each co-module were also investigated using Ingenuity Pathway Analyses (IPA) to reveal associations with biological functions and diseases. We applied these analyses to each comodule and used co-module 1 as an example to illustrate our results. The top-ranked networks related to cellular movement and migration in cancer were significantly enriched in co-module 1. The associated network functions are listed in Table 1 . Cancer, haematological disease and immunological diseases associated functions were top ranked. Analysis of the top-ranking networks provides information to further explore key functions within each module. The genes in the top-ranked networks included important oncogenes and tumor suppressor genes, indicating a close association of genes with cancer. Most of the other genes in co-module 1 are directly or indirectly linked with the tumor suppressor gene TP53. We have observed similar associations between the expression of lincRNA genes and TP53 in AML (Beck et al, unpublished data). We also listed the associated diseases and disorders in comodule 1 (Table 1) . Cancer and some system disorders were ranked highly. Collectively, these data show that by constructing modular network maps, differentially expressed coding and non-coding gene expression profiles and other annotations can be used to identify lincRNAs with biological roles in MDS/AML. The results of the IPA analysis for the other co-modules are presented in Supplementary Table S4 . Most of the top-ranking functions in the other eight co-modules were also concentrated in cancer development, and four co-modules were directly associated with haematologic system development and disease. Taken together, these results indicate that PCGs, lincRNAs, miRNAs within the co-modules cooperate in cancer-associated pathways and disease pathogenesis.
Inferring biological roles for lincRNAs from network connections in MDS co-modules
We used the NLCFA to prioritize 8 MDS-associated lincRNAs and evaluated their expression using quantitative RT-PCR (qRT-PCR) in an independent cohort of CD34þ HSPCs from 21 RAEB-2 MDS patients and 4 healthy controls (see the supplementary materials for details). Five of these eight lincRNAs were differentially expressed in MDS (P < 0.05) by qRT-PCR and RNA-Seq in both cohorts ( Supplementary Fig. S1 , Table S5 ).
For example, linc-RPIA was identified in three independent patient cohorts by three profiling technologies including RNA-Seq, microarray and RT-PCR data. The linc-RPIA-associated network is shown in Figure 4A . We investigated its correlated PCGs and miRNAs using the merged top-ranking functional network based on IPA analysis (Fig. 4B ). This network predicts that linc-RPIA may be involved in regulating genes involved in cancer, including FOXO1, MDM2 and TP53. lncRNAs often act similar to competing endogenous RNAs (ceRNAs) (Salmena et al., 2011) and function as molecular 'sponges' attracting miRNAs, thereby preventing those miRNAs from binding to their target genes. Based on this working mechanism of ceRNAs, we predicted the binding potential of linc-RPIA and miRNAs using the miRanda algorithm (John et al., 2004) . linc-RPIA potentially binds miR-429 (Fig. 4B) , which belongs to the miR-200 family and has tumor-suppressive capacities (Schotte et al., 2012) . In the linc-RPIA network, SHC1 was an experimentally validated target gene of miR-429 and had positive and inverse correlations with linc-RPIA and miR-429, respectively.
Annotating lincRNAs GO terms through network
Although the LMP network in each co-module could be constructed to associate lincRNAs with PCGs, miRNAs and signaling pathways, this analysis does not indicate which lincRNA is more important in a specific context. To resolve this issue, we used a network-based method to annotate lincRNAs with specific biological functions. We took PPIs into consideration in the analysis of LMP networks and associated corresponding GO terms with lincRNAs (see methods). The lincRNAs in each co-module were annotated with prioritized GO terms. Because the function of most lincRNAs is still unclear, we compared these data with other network-based methods (Liao et al., 2011; Wang et al., 2015) by randomly selected PCGs with known functions to evaluate the performance of our method. For each selected PCG, we searched for a set of genes functionally related to our constructed network. By doing so, we can predict the function of the selected PCGs with GO function categories, by considering the functions of their associated genes. We then compared the predicted GO terms (N_p) with known GO terms (N_k) to calculate the true positive rate (TP) and evaluate the performance using Precision ¼ TP/N_p, and Recall ¼ TP/N_k. The average precision and recall from the selected PCGs were used to compare the performance of our method against those published by others. Our approach significantly outperformed other methods (Supplementary  Table S6 ) and lends support to using NLCFA to annotate lincRNA function more accurately and effectively than current alternatives.
The top ten GO terms for linc-RPIA and the other validated DE lincRNAs are listed in Supplementary Table S7 . We removed the redundant GO terms using the REVIGO server. The top ten GO terms interactive and hierarchical map of linc-RPIA are shown in Supplementary Figure S2 . Linc-RPIA is strongly associated with apoptosis, cell migration and cell proliferation. This result is consistent with our pathway analysis which suggests that linc-RPIA co-operates with miRNAs to regulate important cancer-related pathways (e.g. the EGFR pathway).
This observation is not limited to linc-RPIA; the association with cell migration and apoptotic process is also seen with other lincRNAs in the MDS network modules (Supplementary Table S7 ). Taken together, these data show that our method of associating the lincRNAs with specific functions is consistent and effective.
Discussion
Increasing numbers of lncRNAs have been described and annotated, but few have been functionally characterized. In this study, we used transcriptomic data from MDS and healthy CD34þ HSPCs to construct network modules consisting of lincRNAs, miRNAs and PCGs for network-based functional analysis by integrating these data with annotated signaling pathways and gene ontology. The resulting outputs provide a degree of functional annotation for differentially expressed lincRNAs in MDS and their potential role in disease pathophysiology. Importantly, these tools could be used to prioritize lincRNAs for functional validation regarding their role in disease causation and/or maintenance.
Most of the biological functions that were assigned with top rankings to lincRNAs were associated with malignancy, including those of the haematologic system. In this report we highlight results from comodule 1; however, functions of co-modules 2, 5, 6 and 7 were also significantly enriched in processes related to haematologic system development or disease. Some PCGs in these co-modules, such as RUNX1 (Bejar et al., 2011) , JAK2 (Steensma et al., 2005) and PTEN (Nyakern et al., 2006) , have prominent associations with MDS.
We performed an extended analysis of linc-RPIA, which was differentially expressed in RNA-Seq, microarrays and our qRT-PCR analysis cohorts ( Supplementary Fig. S1 ). We integrated functional associations of linc-RPIA with related miRNAs and PCGs (Fig. 4) . FOXO1 is co-expressed with linc-RPIA and is also regulated by miR-9 and miR-182 in this co-module. As a tumor suppressor, miR-9 is involved in the p53 related apoptotic pathway (Hsu et al., 2009) and deregulated in various types of cancers (Bandres et al., 2009; Heller et al., 2012; Tan et al., 2010) . miR-9 suppresses leukemic growth (Emmrich et al., 2014) and predicts outcome in adult AML (Maki et al., 2012) . miR-9 also cooperates with let-7 to inhibit the oncogenic LIN28B/HMGA2 axis. LIN28B is a highly conserved RNA-binding protein known to reprogram somatic cells into pluripotent stem cells (Yu et al., 2007) . HMGA2 is a non-histone chromosomal protein which is a driver of tumor metastasis and contributes to several benign and malignant tumors (Schoenmakers et al., 1995) . miR-9 is also frequently methylated and hence silenced in chronic lymphocytic leukaemia (Wang et al., 2013b) . As a TLR-responsive miRNA, miR-9 induced by TLR2, TLR4 and TLR7/8 agonists is involved in the TLR-signalling pathways and innate immune responses (Bazzoni et al., 2009) where it represses its target, NF-jB subunit 1 (NFKB1) and maintains a constant level of NF-jB1 protein expression in human monocytes and neutrophils (Raisch et al., 2013) . NFKB1 controls the transcription of many anti-apoptotic genes including BCL2, BCL2L1 (Bernasconi, 2008) . miR-9 is frequently down-regulated, whereas BCL2 is frequently over-expressed in MDS (Calin et al., 2002; Parker et al., 2000) . Conversely, IL-2-induced miR-182 inhibits FOXO1 expression and promotes clonal expansion of activated helper T cells (Stittrich et al., 2010) . FOXO family members are involved in multiple pathways and several cellular processes such as cell cycle, apoptosis, metabolism, survival and tumorigenesis (Tothova et al., 2007) . Akt, a primary mediator of FOXO phosphorylation, is involved in pathways of cytoprotection (Chong et al., 2002) , and prevents cellular apoptosis by phosphorylating FOXO in the cytoplasm (Chong and Maiese, 2007) . Following phosphorylation, FOXO1 is ubiquitinated and degraded by the proteasome (Aoki et al., 2004) . In the linc-RPIA-associated network, MDM2, a suppressor of TP53, interacts with FOXO1 through Akt and TP53. MDM2 binds to FOXO1 and FOXO3A to promote their ubiquitination and degradation (Fu et al., 2009) . Additionally, phosphorylation of MDM2 by Akt inhibits its interaction with ARF and enhances the degradation of TP53 (Fu et al., 2009) . Our network-based annotation method suggests cross-talk between linc-RPIA and FOXO1, MDM2 and TP53 in MDS, implicating this linc-RPIA in key oncogenic signalling pathways.
We also showed that linc-RPIA may regulate SHC1 via an interaction with miR-429 (Fig. 4) . SHC1 encodes three protein isoforms: p46Shc, p52Shc and p66Shc. p46Shc and p52Shc bind the adaptor protein Grb2, which then recruits SOS1 and GAB1 to activate the Ras/MEK/Erk and PI3K/Akt pathways (Zheng et al., 2013) . SHC1 and GAB1 are considered significant molecular biomarkers in cancer (Brown et al., 2008; Huang et al., 2014; Seiden-Long et al., 2008) . GAB1 also feeds into the RAS pathway, because sustained activation of RAS requires both GAB1-dependent and SOS1-dependent pathways. Together, these relationships suggest that linc-RPIA also plays a role in modulating RAS signaling pathways. The lincRNA-miRNA-PCGs triplet analysis detected cooperation of lincRNAs with other biological molecules in specific biological processes. In summary, our approach has identified linc-RPIA as a differentially expressed lincRNA in the RAEB-2 subtype of MDS, and implicated it in regulation of key cancer pathways. This is the first study to profile and compare lincRNA expression profiles in normal CD34þ HSPCs and MDS cells. We have identified and validated a number of differentially expressed lincRNAs that warrant further experimental investigation. Our results further illustrate the value of using network characteristics to annotate potential functional characteristics to differentially expressed lincRNAs, and provide a framework for experimental validation of gene function. Our tools could be applied to other disease processes where comparable datasets are available.
